Abstract: This study predicts the probable impacts of climate change on the streamflow of Kyeamba Creek catchment of south eastern Australia. Three climate scenarios (B1, A1B and A2) and the average of four general circulation models (CNRM-CM3, CSIRO-MK3.5, ECHam5 and MIROC3.2) were used to simulate the streamflow for three future periods (2030, 2050 and 2090). Soil and Water Assessment Tool (SWAT) was calibrated for streamflow of both daily and monthly time steps. Nash-Sutcliffe Efficiencies (NSE) of 0.602 and 0.657 for calibration and validation, respectively, for monthly time step indicate good agreement between measured and simulated flow for the catchment. Comparing with the long time observed streamflow, simulated future annual average streamflow showed a variation ranging from +16% to -44%. Based on SWAT simulations of this study, Kyeamba Creek will likely experience small change in streamflow by the middle of the 21st century but big change by the end of this century. 
INTRODUCTION
Global climate change is affecting the world's water budget with subsequent impacts on both surface and ground water resources (Ian and Reed, 2012) . Australia being the driest inhabited continent (DFAT, 2008) , river flows are more variable than in any other regions of the world (Chiew, 2007) . Future climate projections show temperature rise which might worsen the Australian water conditions as the country already has an evapotranspiration (ET) of above 90 % of the rainfall (National Water Commission, 2012) . More than 80 % of the country has average annual rainfall below 600 mm (Bureau of Meteorology, 2011). As reductions in rainfall is expected to be amplified by two to four times in runoff (CSIRO, 2007b) , streamflow of Australian rivers is likely to experience a large variation. Since hydrologic conditions and influence of climate change on local hydrology vary from region to region (Zhang et al., 2007) , change in future climatic conditions is likely to have different impacts on individual catchments. In order to assess the local climate change impacts on water resources, it is important to analyse the sub-catchment level water balance under different climate change scenarios.
Murray-Darling Basin (MDB) is the largest river system in Australia, (MDBA, 2008) and Murrumbidgee is the third longest tributary of MDB located in south eastern Australia (CSIRO, 2008a) . Murrumbidgee is an important catchment both in terms of agricultural production and ecological biodiversity. Several studies have been conducted to assess the impacts of climate change on the hydrology of the MDB (Beare and Heaney, 2002 , CSIRO, 2008a , Quiggin et al., 2010 , Jingjie et al., 2010 and Murrumbidgee catchment (CSIRO, 2007a , CSIRO, 2008b . However, there is no reported study of how the climate change affects individual sub-catchments within the Murrumbidgee catchment. In this study, a spatially distributed hydrologic model Soil and Water Assessment Tool (SWAT) was used to analyse the impact of climate change on streamflow of Kyeamba Creek, one of the sub-catchments of Murrumbidgee River.
SWAT is a public domain physically based distributed model which is suitable for long term scenario analysis at a watershed scale (Neitsch et al., 2011) . It has been successfully applied in different regions across the globe to study a wide range of hydrologic systems (Gassman et al., 2007) . However, there is only very limited application of SWAT in Australian condition (Labadz et al., 2010 , Sun and Cornish, 2006 , Githui et al., 2012 , Saha et al., 2013 . The objectives of this study were (1) to calibrate and validate the SWAT model for Kyeamba creek flow and (2) to apply the calibrated and validated model to analyse the impact of climate change on the streamflow and water balance of the sub-catchment under three selected future climate scenarios developed by Intergovernmental Panel on Climate Change (IPCC) (Nakicenovic et al., 2000b) . Among the emission scenarios developed for a range of future social, economic and environmental developments, three different scenarios; A2 (high), A1B (moderate), and B1 (low) were selected for this study. Three future time periods (2030, 2050, and 2090) were considered.
METHODS

Study area
Kyeamba creek is a partly perennial tributary of Murrumbidgee River located south east of Wagga Wagga, central New South Wales (NSW). The creek rises about 9 km of Kyeamba village and flows 50 km north to north-west before falling into Murrumbidgee river (Geographical Names Board of NSW, 1970) . It consists of an area of about 600 km 2 and a third order catchment of MDB (Cresswell et al., 2003 (Figure 1 ). The elevation of the catchment varies from 179 to 695m. The average annual rainfall of the catchment is 620 mm. The dominant land use is grassland or pasture (86 %) followed by forest (6 %) and agriculture (6 %).
SWAT Model development
SWAT is a watershed scale semi-distributed, physically based hydrological model developed at the USDA-ARS (Arnold et al., 1998) . It runs on daily time step and is capable of continuous simulation over a long duration (Gassman et al., 2007) . It is suitable to assess long term impact of land management practices on water, sediment and agricultural chemical yields in large, complex watersheds with varying soils, landuse and management conditions (Arnold et al., 1998 , Neitsch et al., 2011 . In order to characterise spatial heterogeneity, the watershed is divided into multiple sub-basins. Depending on the homogeneity of landuse, soils and slope characteristics, these sub-basins are further subdivided into hydrologically homogenous units called hydrological response units (HRUs) (Gassman et al., 2007) . HRUs are the basic units for which soil water content, surface runoff, nutrient cycles, sediment yield, crop growth and management practices are simulated. The outputs from the HRUs are aggregated to get the outputs at sub-basin scale. SWAT simulates the hydrological cycle based on the following daily water balance equation:
(1) Where SW t is soil water content on day t (mm), SW 0 is the initial soil water content on day i (mm), t is the time (days), R day is precipitation on day i (mm), Q surf is surface runoff on day i (mm), E a is evapotranspiration on day i (mm), W seep is water entering the vadose zone from the soil profile on day i (mm) and Q gw is return flow (sub-surface flow) on day i (mm).
Surface runoff can be calculated using either SCS curve number (Soil Censevation Service, 1972) or Green and Ampt infiltration method (Green and Ampt, 1911) . SCS curve number method was used in this study. Penman-Monteith method was adopted to determine potential evapotranspiration (PET) whereas variable storage method was used to route the flow in channels. Table 1 describes the data used to develop the SWAT model for Kyeamba creek catchment. The watershed was delineated through automatic watershed delineation. Stream network of the study area was superimposed on the DEM to delineate the streams accurately. A threshold for minimum sub-basin area was selected for stream network and outlet calculation. Confluence of Kyeamba creek with Murrumbidgee River was selected as a watershed outlet which delineated a watershed of 600 km 2 with 13 sub-basins. Landuse and soil map were imported and linked with the respective database tables creating appropriate lookup tables.
Multiple HRU option resulted in 370 HRUs for the watershed where all landuse, soil and slope classes covering less than 2 % area were ignored.
Model evaluation
The model evaluation comprised of three sequential steps: sensitivity analysis, calibration and validation. Sensitivity analysis is the process to determine the rate of change of model outputs in response to changes in different input parameters (Moriasi et al., 2007) . This step was used to identify sensitive parameters for calibration process. A combination of Latin Hypercube (LH) and One-factor-At-a-Time (OAT) sampling procedure was followed (Veith and Ghebremichael, 2009 ).
Model calibration requires establishing statistical relationships between model parameters and the characteristics of the catchment. Model parameters are adjusted either manually or automatically until the measured system outputs and model simulations show an acceptable level of agreement (Gorgan et al., 2012) . Auto-calibration was performed using a public domain software Soil and Water Assessment Tool Calibration and Uncertainty Procedure (SWAT-CUP) (Abbaspour, 2011) . Parameter Solutions (ParaSol) algorithm was adopted for auto-calibration. ParaSol is a method to assess model parameter uncertainty using optimization and statistical techniques (van Griensven and Meixner, 2004) . Aggregating objective functions (OF's) into a global optimization criterion (GOC), ParaSol uses Shuffle complex Evolution (SCE-UA) algorithm to minimize these OF's or a GOC and performs uncertainty analysis using either χ 2 or Bayesian statistics (Abbaspour, 2011) .
NSE along with ratio of the root mean square error to the standard deviation of measured data (RSR), coefficient of determination (R 2 ) and correlation coefficient (r) are commonly used for evaluation of a watershed model (Moriasi et al., 2007 , Krause et al., 2005 , Eckhardt and Arnold, 2001 , Zhang et al., 2009 , Mango et al., 2011 , Rahman et al., 2013 . Nash-Sutcliffe efficiency (NSE) was used as the optimization objective function for auto-calibration. It is a dimensionless statistics to determine the relative magnitude of the residual variance compared to observed data variance. It indicates the accuracy of simulated versus observed data against the 1:1 line (Nash and Sutcliffe, 1970) . NSE is the most widely used statistical parameter to evaluate the predictive power of a hydrological model. NSE is defined as (2) NSE Values range between −∞ and 1.0 where 1.0 is the optimal value with perfect match between simulated and observed data. Generally NSE > 0.5 is considered as satisfactory for hydrological model evaluation.
RMSE-observations standard deviation ratio (RSR) is a modification of root mean square error (RMSE) which incorporates a normalization factor with the error index, so that the resulting RSR values can apply to various constituents (Moriasi et al., 2007) .
The optimal value of RSR is 0 which indicates perfect model simulation and higher values indicate poorer performance of the model. RSR less than 0.70 is considered as satisfactory.
Coefficient of determination (R 2 ) measures the relationship between measured and simulated values (Santhi et al., 2001 ). The R 2 values range from 0 to 1 where 0 indicates no match and 1 indicated perfect match of model output with the observed values. A score of R 2 above 0.5 is considered acceptable (Green et al., 2006) . R 2 is defined as (4) Where and are representing the measured and simulated data for ith observation and and are the mean of measured and simulated data respectively.
Pearson correlation coefficient, r measures the linear association of two variables (Hirsch et al., 1993) . The value of r ranges from -1 to +1. For two sets of variables x and y, the Pearson correlation coefficient r is defined as (5) Where, Model validation (also known as testing) is an attempt to check the performance of a model by running the model for a different period than the calibration using optimal parameter values obtained during the calibration process (Moriasi et al., 2007) . Refsgaard (1997) defines validation as the process of checking the capability of a site specific model to make predictions with sufficient accuracy. Calibration and validation were done for ten years (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) and nine years (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) data respectively for Book Book station. Additional validation was performed for Ladysmith station to check the accuracy of the model to a different station for which it was not calibrated.
Brief description of the climate change scenarios and climate projection models
Climate scenarios are developed to provide options to assess the change in future climatic conditions. The future is uncertain and climate scenarios are neither predictions nor forecasts of future; rather they are alternative images of how future may unfold (Nakicenovic et al., 2000a) . Special Report on Emission Scenarios (SRES) published by Intergovernmental Panel on Climate Change (IPCC) describes four main scenario storylines (A1, A2, B1 and B2) based on future green house gases (GHGs) emission depending on demographic development, socioeconomic development and technological change (Nakicenovic et al., 2000b) . A1 and B1 scenarios emphasize on globalization whereas A2 and B2 scenarios emphasize regional development which includes more differential world. On the other hand, A1 and A2 scenarios highlight more economic activity whereas B1 and B2 scenarios assume more environmental friendly future (Nakicenovic et al., 2000b) . To account alternative development of energy technologies, A1 scenario was further divided into three groups (A1Fl, A1B and A1T) where A1B represents balanced development between fossil and non-fossil energy technologies. Three diverse scenarios B1, a low-emissions scenario; A1B, a medium-emission scenario; and A2, a high greenhouse gas emission scenario were adopted in this study.
General circulation models (GCMs) are used to project future precipitation and temperature. Due to the uncertainties associated with the GCMs, average outputs of four GCMs (CNRM-CM3, CSIRO-MK3.5, ECHam5 and MIROC3.2) were used. This is in contrast to other similar studies done in Australia where either a single GSM (Smith et al., 2009) or several GSM individually (CSIRO, 2008b) were used. The GCMs considered in this study have coarse resolutions (varies from 1.9x1.9 degrees to 2.8X2.8 degrees) (Randall et al., 2007) which need to be downscaled before applying them to assess the impact of climate change on regional scale. In this study, downscaled data was obtained from MarkSim climate generator which uses third order Markov process and stochastic downscaling to generate future data at a resolution of 0.5x0.5 degree (Jones et al., 2009) 
RESULTS AND DISCUSSION
Calibration and validation
Ten years (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) Kyeamba creek streamflow data of Book Book station was used for SWAT calibration while the following nine years (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) data was used for validation. In addition, three years period was kept as warm up period for both the simulations. Warm up period allows the model to get a fully operational hydrological cycle and thus helps to stabilize the model (Setegn, 2010) . Calibration was done for both daily and monthly time steps. Sensitivity analysis of the calibration period data resulted in the ranking of the sensitivity of the parameters among which the nine most sensitive parameters (for each time steps) were selected for optimization. Auto-calibration after manual calibration produced the best parameter values. The list of sensitive parameters including their auto-calibration range and final optimized values are summarized in Table 2 . Figure 2 shows the time series of observed and simulated flows for calibration and validation periods for both daily and monthly time steps. Monthly calibration resulted in better efficiency values than daily time step. Daily calibration and validation at Book Book station resulted in NSE values 0.509 and 0.541 respectively. These were 0.602 and 0.652 respectively for monthly time step. Efficiency results indicate that there was a good agreement between the observed and simulated flows. NSE values of 0.572 and 0.802 were obtained at Ladismith station for daily and monthly time steps respectively. This additional validation indicates the good performance of the model to a different station than the one used in the calibration. Being only a relatively small catchment, the streamflow was low for the most part of the year. Although the model was not calibrated for a specific event, it was able to successfully simulate the high flow periods of 2010 and 2011 with acceptable accuracy (Figure 2) . Table 3 summarizes the all evaluation statistics for calibration and validation periods.
Future climate change projections
Four GCMs (CNRM-CM3, CSIRO-MK3.5, ECHam5 and MIROC3.2) ensemble mean were used to represent the future climatic conditions for three IPCC scenarios (B1, A1B and A2). Three time periods (2030, 2050 and 2090) were selected to study the impacts of climate change from near future to distant future. Similar to calibration and validation analysis, three years were kept as warm up periods for all the simulations. Table 4 shows the percentage change in rainfall from long term observed data while Table 5 presents the difference between the future and observed (historical average) temperature for different IPCC scenarios and time periods. The Tables show the seasonal components and annual mean of the respective data. The projections show increase in summer rainfall under all the scenarios while a decreasing trend is projected in the other seasons. The highest decrease is projected to be in autumn followed by spring. Generally, annual decrease in 2030 varies from 1.2 % under scenario B1 and 11.6 % under scenario A2. By the end of the century, decrease in rainfall of 12.8 % is projected under scenario B1 and 15.5 % under scenario A2. In scenario B1, the annual rainfall is projected to decrease by 1.2 %, 4.5 %, and 12.8 % by 2030, 2050, and 2090 respectively compared to the historical average. This is in close agreement with the values reported by Beare and Heaney (2002) for MDB: a decrease in annual rainfall of less than 5 % in 2050 and a decrease of 5-10 % in 2100. A study by the NSW Department of Environment, Climate Change and Water (Australia) also reported likelihood of increased summer rainfall and decrease autumn, winter and spring rainfall for Murray and Riverina region for 2050 (DECCW, 2010) .
Annual temperature change analysis of Table 5 shows a change varying from -0.8 0 C (2030 B1 scenario) to + 2.0 0 C (2090 A2 scenario). There seems to be not much change in temperature for 2030 and 2050 periods but a clear increase in temperature for all scenarios by 2090. Seasonal temperature shows much variation; summer and spring temperature follows an increasing trend whereas autumn and winter temperature decreased for all the scenarios. Although autumn and winter temperature is projected to decrease from historical observed temperature, the difference gets lower with time. This is in contrast to temperature increment of summer and spring which follows a clear temperature rise with time. Table 6 shows the possible changes to the long term observed streamflow at Ladysmith station of Kyeamba creek under three IPCC climate change scenarios and three future time periods. In 2030, the flow is expected to increase by 16 % and 2 % under B1 and A1B scenarios respectively and decrease by 12 % under A2 scenario. In 2050, the streamflow is predicted to increase by 2 % under A1B scenario and decrease by 15 % under A2 scenario whereas no change was predicted for B1 scenario. A high reduction is expected by the end of the century (2090 in this case) where the minimum reduction of 32 % is expected in B1 scenario and maximum reduction of 44 % in A1B scenario. The predicted flow reduction in 2030 and 2050 under A2 scenario was higher than that in the other two respective scenarios. However, in 2090, the highest reduction was predicted to be in A1B scenario. This can be attributed to the extreme rainfall events projected in the 2090 A1B scenario which can result in high flow events and subsequently increase the average annual flow of this low flow catchment. Similar high reduction of annual flow was reported for a western Australian catchment where 62 % reduction was predicted for A2 scenario and 60 % for A1B scenario by 2085 (Smith et al., 2009 ). In the Kyeamba creek catchment, overall annual flow analysis for different time periods and IPCC scenarios revealed increased to unchanged flow for both 2030 and 2050 except for A2 scenario; however, high reduction inflow for 2090 period in all the three scenarios. MDB sustainable yield project reported increase of 13 % for a wet scenario and decrease of 31 % for a dry scenario in the annual average runoff for Murrumbidgee catchment in 2030 (Chiew et al., 2008) . Figure 3 shows the seasonal streamflow change at Ladysmith station under three different IPCC scenarios. For all the three scenarios, summer and winter flow is expected to increase and autumn and spring flows to decrease. Summer rainfall is predicted to increase for all scenarios and time periods. However, due to the increased temperature and the resulting increase in ET, the effect of increased rainfall diminishes with time. Similar results were also obtained by Mango et al. (2011) where increased rainfall was not likely to increase runoff equally due to the buffering effect of ET linked with temperature rise. Although the winter rainfall is projected to show a decreasing trend over time, streamflow shows increasing trend in both 2030 and 2050 but a decreasing trend in 2090. This is due to reduced temperature during winter which reduces ET and thus increases the availability of extra water for streamflow. Due to the increasing trend of temperature, ET is predicted to increase and winter streamflow to reduce by 2090 for all three climate scenarios. With a combination of decreasing rainfall and increasing temperature, spring streamflow is projected to show highest decreasing trend in all the scenarios and time periods. Kyeamba catchment receives its lowest rainfall in autumn and a decreasing trend of future rainfall is represented by a lower streamflow which cannot be compensated by reduced ET linked with temperature drop.
Streamflow response to climate change
Annual streamflow change
Seasonal Streamflow change
Change in rainfall is the prime driver of change in the availability of both surface and groundwater resources. However, there are number of other factors (such as temperature) that can significantly affect regional water balances which are likely to be influenced by climate change. The volume of water available as surface and groundwater resource is the excess of precipitation over ET. The seasonal streamflow prediction shows large variations of streamflow for different IPCC scenarios and different future time periods. There are uncertainties in simulated future flows due to uncertainties in future emission scenarios as well as GCM projections. Research showed that different GCMs produce different outputs of temperature and rainfall for same scenario (Zhang et al., 2007) . To increase the reliability of the projections, this study adopted ensemble mean of four GCM outputs. Availability of more climate data stations can improve the accuracy of the predictions. Due to these conditions, it was found to be more accurate to observe the change in the trend of streamflow rather than the actual values. Trend shows increased streamflow for both summer and winter for 2030 and 2050 in all IPCC scenarios whereas reduced flow for autumn and spring for the same scenario and time period combinations. Streamflow reduction is projected for all three seasons and scenarios of 2090 except summer. Spring streamflow shows the highest decreasing trend among all scenarios. Table 7 summarizes different components of the annual water balance of Kyeamba creek catchment during calibration, validation and future time periods. ET was found to be the main process through which water is lost from the catchment. It accounted for 90 % and 87 % of total precipitation falling on the catchment during the calibration and validation periods respectively. High loss of water through ET leaves very low amount of water for the other components of the water balance. Sub-surface flow was found to be higher than surface and groundwater flow. ET is expected to increase with time for all future scenarios (due to temperature rise) whereas other three components are likely to decrease with time. ET is predicted to exceed 93 % for both A1B and A2 scenarios in 2090. This might be the cause of surface and groundwater flow reduction without much alteration of sub-surface flow. High reduction of surface and groundwater flows in 2090 of A1B scenario was reflected in the streamflow of that scenario which was found to be the lowest among all the scenarios. Although no study has reported the impact of climate change on different water balance components in the study region, DECCW (2010) indicated that evaporation is expected to increase during summer, autumn and spring by 5 % to 50 % and decrease by 10-50 % in winter by 2050.
Change in water balance components
CONCLUSIONS
The probable impacts of climate change on the streamflow and water balance components of Kyeamba creek were assessed based on three IPCC scenarios and average of four GCMs' outputs. SWAT model was successfully applied to the catchment for streamflow simulation using manual and automatic calibration. A NSE value of 0.602 and 0.657 for monthly calibration (1993-02) and validation (2003-11) periods respectively indicates the efficiency of the developed SWAT model to mimic the streamflow of this catchment. The projections under the selected future climate scenarios showed moderate change of average annual temperature by 2030 and 2050 but high increase of temperature by 2090. Large variation in seasonal temperature was predicted than that of annual variation. Annual rainfall followed a clear decreasing trend whereas seasonal variation showed increasing rainfall in summer but a decrease in rainfall in the rest of the three seasons. Annual streamflow change is expected in the range of +16 % to -32 % for B1 scenario, 2 % to -44 % for A1B scenario and -11 % to -38 % for A2 scenario. Annual flow analysis for different future time periods and scenarios revealed increased to unchanged flow for 2030 and 2050 except A2 scenario. High reduction in streamflow was predicted by 2090 in all the three scenarios. Except winter flow of the 2090, summer and winter flows are projected to increase. Autumn and spring flows are expected to decrease under all scenarios and time periods considered in this study.
Based on SWAT simulations in this study, Kyeamba creek will likely experience small change in streamflow by 2030 and 2050 but large reduction by 2090. It is difficult to predict the exact amount of future flow conditions due to uncertainties associated with climate change scenarios, errors introduced through GCMs, downscaling methods, and hydrologic models. Changes in the trend of flow should be noted rather than the actual flow. However, results of this study provide general possible conditions of future streamflows for Kyeamba creek catchment. Table 4 . Seasonal and annual variation of future rainfall (in 2030, 2050, 2090) for different future climate change scenarios (B1, A1B, A2) relative to the historical average at Kyeamba creek, NSW (Australia) 
